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░ ABSTRACT- The rapid expansion of microgrids (MGs) is driven by the need to meet growing electricity demand 

sustainably through high penetration of renewable energy resources (RERs). However, the intermittency of RERs introduces 

significant operational uncertainty, making energy storage systems (ESSs) essential for reliable MG operation. The ESS planning 

problem is formulated as a constrained optimization model that incorporates power balance, battery capacity limits, and technical 

and operational constraints of MGs. Because it offers a viable solution, this study investigates the optimal method to allocate ESSs 

(batteries) using metaheuristic optimization techniques. In this work, the newly proposed Walrus Optimizer (WO) approach, 

which shows promising results, is used. A modified IEEE 33-bus distribution test system is employed as the benchmark. The 

performance of the WO is compared with five established metaheuristics: Detective Behavior Algorithm (DBA), Stochastic Social 

Learning Optimization (SSLO), Improved Grey Wolf Optimizer (I-GWO), Particle Swarm Optimization (PSO), and Genetic 

Algorithm (GA). All of these algorithms aspire to reduce power losses, boost voltage profiles, and enhance overall efficiency, 

reliability, stability, and operational cost reduction. Simulation results show that the WO-based framework yields a 53.56% 

reduction in total system power losses. Moreover, it strengthens the weakest bus voltage to 0.9803 p.u., improves the voltage 

stability index (VSI) to 1.0201 p.u., and accomplish a cost reduction of 10.74%, outperforming other competitive algorithms. The 

results demonstrate the originality and effectiveness of the WO for optimal ESS integration in RER-dominated MGs, providing an 

encouraging tool for enhancing voltage stability, reducing losses, and supporting reliable, sustainable, and cost-effective MG 

operation. 
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░ 1. INTRODUCTION 

Environmental pollution remains a critical global challenge, 

with severe implications for human health and ecosystem 

integrity. In this context, the widespread adoption of 

renewable energy resources (RERs) has become essential to 

reducing dependence on fossil-fuel-based power plants and 

mitigating greenhouse gas emissions [1]. Microgrids (MGs), 

which integrate distributed energy resources (DERs), energy 

storage systems (ESSs), and various loads, have emerged as a 

promising framework for enhancing system resilience and 

sustainability. They can operate either grid-connected or in 

islanded mode while delivering reliable, high-quality power to 

end users [2]. RERs, such as photovoltaic systems (PVs) and 

wind turbines (WTs), have inherently intermittent output 

related to their dependency on natural conditions. RERs 

introduce operational uncertainty and instability, despite their 

central role in MGs [3,4]. ESSs offer an effective solution to 

these challenges by smoothing power fluctuations, enhancing 

MG stability and reliability, and mitigating the intermittency 

of RERs [5]. In addition, ESSs act as supplemental reserves 

that help regulate daily demand variations, mitigate voltage 

deviations, enhance control, and reinforce overall system 

efficiency [6]. Despite these benefits, inadequate sizing and 

positioning of ESS, or overutilization in small-scale networks, 

may result in reduced economic returns with minimal 

additional advantage. Inadequate integration can elevate power 

losses, exacerbate frequency fluctuations, and increase both 

capital and operational expenses. Conversely, limited ESS 

capacity may lead to insufficient load support, and reliability 

concerns[7,8]. Therefore, optimal ESS siting and sizing are 

critical design tasks for modern MGs.  
 

The sizing and planning of MGs have evolved through diverse 

frameworks [9]. Earliest approaches rely on simulation-based 

and analytical tools, such as Hybrid Optimization with Genetic 

Algorithm (HOGA) and the Hybrid Optimization Model for 

Electric Renewables (HOMER), for basic system design. 
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These methodologies generally utilize simplified assumptions 

and constrained modeling of system interactions, thus limiting 

their accuracy in modeling the nonlinear and coupled behavior 

of MGs[9,10]. Subsequently, deterministic optimization 

approaches were released, encompassing analytical, iterative, 

and numerical strategies. These methods can ensure locally 

optimal solutions under clearly stated assumptions. On the 

other hand, their practical application to MG planning issues is 

constrained by significant computing complexity and a lack of 

scaling as system capacity and decision factors increase[11-

12]. In consideration of these restrictions, heuristic and 

metaheuristic optimization methods emerged as the leading 

strategy in recent literature. Algorithms like Particle Swarm 

Optimization (PSO) and Genetic Algorithms (GAs) are 

extensively utilized for their accuracy in addressing nonlinear 

and mixed-integer optimization challenges. Despite their 

uncertain characteristics and absence of assured global 

optimality, they offer resilient solutions for intricate MG 

challenges, especially in the optimal size and integration of 

ESSs. 
 

Recent studies have investigated various optimization-based 

strategies for ESS allocation. Many studies have focused on the 

appropriate location of BSS while disregarding the sizing 

factor. Lawan et al. [13] highlighted the substantial influence of 

ESS on the performance of RER-based MGs and employed a 

Grasshopper Optimization Algorithm to determine the optimal 

placement of MG components, demonstrating improved 

performance compared with an alternative PSO-based 

topology. Other PSO-based approaches have been applied to 

radial distribution MGs to minimize energy losses by 

optimizing ESS placement through numerical simulations in 

MATLAB. These approaches often assume identical ESS units 

and focus primarily on loss reduction, utility cost savings, and 

voltage limits, while neglecting ESS scalability and detailed 

performance. In a modified 16-bus Witzenberg system, PSO 

and GA were employed to determine ESS locations that 

improve voltage profiles, reduce voltage violations, and 

minimize electricity loss costs. However, capacity planning 

was not considered, as ESS sizing was not explicitly addressed. 

In addition, the analysis primarily focused on steady-state 

voltage performance [14]. A two-stage planning framework 

was later introduced, in which a mixed-integer PSO was used 

to determine optimal storage locations in the first stage, 

followed by PSO-based daily scheduling in the second stage to 

reduce energy waste. Although validated on the IEEE 33-bus 

system under seasonal variations, this approach did not 

explicitly address ESS sizing, providing only partial insights 

into power quality and long-term planning [15]. In contrast, 

several studies addressed the optimal sizing of BESSs while 

disregarding their optimal placement. Further advances include 

multi-attribute grid-theory-based optimization techniques for 

hybrid ESS sizing, designed to account for intelligent 

operational characteristics and evaluate MG performance under 

both grid-connected and islanded modes, with the aim of 

balancing cost, environmental impact, and resilience [16]. A 

mixed-integer programming framework has also been proposed 

to determine optimal ESS sizing under grid-connected 

operation, aiming to improve MG reliability while maximizing 

economic benefits. The Gray Wolf Optimizer (GWO) was 

adopted to optimize ESS capacity and showed superior efficacy 

compared with GA and PSO under different scenarios, 

including cases with and without ESS as well as varying initial 

states of charge [17]. In another study, PSO combined with an 

innovative power management strategy was used to optimally 

size PV units and ESSs in a networked MG, aiming to 

minimize energy costs. The adopted PSO-based framework 

demonstrated higher accuracy and reduced computational time 

compared with GA [18]. Additionally, the impact of using one 

versus two ESS units was examined. Initial results favoring a 

single ESS were largely attributed to improper sizing and 

placement of the two-unit configuration. When both 

configurations were optimally designed, the two-ESS design 

achieved greater loss reduction. The comparative analysis 

indicated comparable performance between PSO and the 

Walrus Optimizer (WO)[19]. Representative strategies for 

optimal ESS sizing and placement, along with their objectives, 

optimization techniques, and case studies, are summarized in 

table 1. 
 

░ Table 1. Summary of Previously Proposed Strategies for 

Optimal ESS Allocation 
 

 

Ref. 
Objective Proposed 

Approach 

Case 

Study 

Key 

Characteristics 

[20] 

Optimal 

ESS 

allocation 

Partial 

optimization, 

conventional 

methods, and 

GA 

IEEE 24-

bus system 

GA minimized 

solar 

constraints 

considering 

power flow, 

enabling a 

robust 

framework 

comparison. 

[21] 
Optimal 

ESS 

capacity 

PSO 
Standalone 

MG 

Considered 

multiple 

performance 

indices, 

operational 

costs, and 

battery lifespan. 

[22] 
Hybrid PV -

WT- ESS 

Design 

Transit 

Search 

Algorithm 

and PSO 

Grid-

connected 

and 

islanded 

hybrid MG 

Transit Search 

minimized 

power loss and 

energy cost, 

obtaining 

resilient 

optimization. 

[23] 
ESS sizing 

and 

planning 

Mixed-

integer 

second-order 

cone 

programming 

and hybrid 

intelligent 

algorithm 

IEEE 33-

bus system 

Incorporated 

demand 

response to 

maximize 

performance 

and minimize 

costs. 

[24] 
Optimal 

DER 

allocation 

Hybrid GA 

and 

Intelligent 

Water Drops 

Algorithm 

IEEE 33-

bus and 69-

bus MGs 

Effectively 

decreased 

power losses 

and improved 

voltage profiles. 

[25] 
Optimal DG 

and ESS 

deployment 

Multi-

objective 

GWO 

Unbalanced 

three-phase 

IEEE 123-

bus MG 

Reduced power 

losses and 

voltage 

unbalance. 
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optimizes 

planning 

with 

MATLAB 

and 

OpenDSS 

 co-

simulation 

[26] 

Optimal PV 

and ESS 

installation 

 

Improved 

Deep 

Embedded 

Clustering 

algorithm 

integrates 

with K-

means 

clustering 

algorithm 

 

Improved 

IEEE 33-

bus 

distribution 

system 

Reduced 

voltage swings, 

voltages spikes 

at each node, 

and cable loss 

rate. 

 

[27] 

Optimal PV 

and ESS 

combination 

 

Multi-

objective 

 non-

dominated 

sorting 

genetic 

algorithm 

Centralized 

PV- based 

energy 

structure 

 

Minimized 

overall cost and 

carbon 

footprint. 

 

 

Although numerous studies have addressed ESS sizing and, to 

a lesser extent, ESS placement, few works have 

simultaneously optimized both parameters, and most have 

relied on well-established optimization algorithms such as 

PSO and GA. Many existing approaches either treat ESS 

capacity as fixed, focus solely on steady-state performance, or 

limit the analysis to a narrow set of operating scenarios, 

thereby constraining their applicability to real-world MGs with 

high RER penetration. Most previous studies have not 

analyzed the influence of ESS location, capacity, and number 

on the peak consumption of RESs generation through optimal 

charge-discharge scheduling of BSSs, system stability, and 

cost reduction via demand shifting, as well as on identifying 

defective points within MGs, which may cause a collapse or 

failure. This gap highlights the need for a recent and robust 

optimization framework, as existing algorithms can be 

advanced yet effective in certain optimizing conditions while 

appearing deficient under others. Such a framework should be 

capable of jointly determining the optimal size, number, and 

location of ESS units while explicitly considering charge-

discharge equilibrium and restrictions on BSSs' state of 

charge, along with diverse technical and operational 

constraints. 
 

Thus, to address this gap, the present study develops an 

optimization framework based on the Walrus Optimizer (WO), 

a relatively recent metaheuristic, to simultaneously determine 

the optimal location, size, and number of ESS units in a MG. 

A modified IEEE 33-bus system connected to the main grid is 

adopted as the test MG, incorporating multiple PV and WT 

units as well as an ESS. The objective function is formulated 

to minimize power losses to significantly enhance MG 

operation and decrease operational costs. Power flow analysis 

is utilized to evaluate MG performance based on voltage 

profiles, voltage stability indices (VSIs) and network losses. 

MG performance is assessed under different ESS 

configurations using six optimization algorithms: WO, 

Improved Grey Wolf Optimizer (I-GWO), PSO, GA, and two 

modern methodologies, namely the Detective Behavior 

Algorithm (DBA) and Stochastic Social Learning 

Optimization (SSLO). DBA and SSLO provide capabilities 

such as efficient parameter adjustment, rapid convergence, 

robust avoidance of local optima, and adaptability across 

various optimization domains. Their effectiveness was 

evaluated in comparison with PSO and other optimization 

techniques[28][29] . It is hypothesized that WO, owing to its 

exploration–exploitation balance and search dynamics, will 

achieve superior MG performance compared with the 

benchmark algorithms. The main contributions of this work 

are the following:  
 

(i) A comprehensive optimization framework that jointly 

addresses ESS siting, sizing, and unit number under realistic 

MG constraints; 

(ii) A proposed framework that clearly addresses high RER 

penetration and fluctuating load demand profiles throughout a 

24-hour operational period to optimize RER integration and 

boost overall MG efficiency. 

(iii) A detailed performance evaluation on an MG during 

critical operating conditions related to the peak load demand 

point following RERs' integration, offering a worst-case 

scenario for evaluating system stability, reliability, and 

operational robustness within acceptable operational 

constraints while avoiding MG breakdowns or failures. 

(iv) A different analyzed scenario assessment of ESS design, 

encompassing single-ESS and double-ESS allocation 

techniques, to evaluate the optimal scheduling organization, 

focusing on technical and economic evaluations through 

charging/discharging scheduling optimization, and operating 

cost reduction. 

(v) A comparative evaluation of WO effectiveness for ESS 

planning against three widely used metaheuristics involving 

GA, PSO, and IGWO, as well as current advanced 

optimization algorithms, BDA, and SSLO, noteworthy for 

their rapid convergence and local optimum avoiding. 
 

The rest of this article is organized as follows. Section 2 

begins by presenting the configuration and modeling of the 

tested MG system. Section 3 subsequently addresses the ESS 

allocation and sizing problem, combining the objective 

function and operational restrictions. In section 4, the 

proposed WO-based optimization framework is introduced to 

effectively handle the defined problem. Section 5 defines the 

initial operational settings, together with the technical 

specifications of the BSS, and the control parameters of the 

optimization methods. The simulation outcomes and 

performance evaluation are discussed in section 6, along with 

a comparative analysis of the obtained performance. Finally, 

section 7 summarizes the main findings and outlines directions 

for future research. 

 

░ 2. TEST SYSTEM CONFIGURATION 
 

2.1. Microgrid System  
This study utilizes a modified IEEE 33-bus network 

configured as an MG [30]. The proposed system integrates 

http://www.ijeer.forexjournal.co.in/
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five PV units and four WT units, as shown in figure 1. Table 2 

details the specifications of the PV and WT units employed in 

this analysis [31]. 
 

░ Table 2. Specifications of Renewable Energy Resources 
 

Bus Photovoltaic Rating 

(MW) 

Wind turbine Rating 

(MW) 

5 - 1.3 

8 0.5 - 

12 0.4 - 

18 - 1.3 

21 0.5 - 

24 - 1.3 

28 0.5 - 

31 - 1.2 

33 0.4 - 

 

 
 

Figure 1. Modified MG Test System Under Study 
 

2.2. Photovoltaic Mathematical Modeling 
The fundamental component of a PV unit is the PV cell [32]. 

PV modules are formed by interconnecting these cells in series 

and parallel configurations [33]. Equation (1) defines the PV 

system's generated power as a function of operational 

conditions, demonstrating that PV performance is significantly 

influenced by solar radiation and temperature [34]. 
 

𝑃𝑃𝑉
ℎ = 𝑁𝑃𝑉𝑃𝑃𝑉

𝑟 (
𝐺

𝐺0
) (1 − 𝑇𝐶𝑜(𝑇𝐴𝑚 − 25))𝜂

𝑖𝑛𝑣𝜂𝑟𝑒𝑙 , 
(1) 

 

where, 𝑃𝑃𝑉
ℎ  and 𝑃𝑃𝑉

𝑟  denote the generated power and the rated 

power of PV units, respectively. 𝑁𝑃𝑉  represents the number of 

PV modules. 𝐺 and 𝐺0 in (W/m²) represent the global solar 

irradiance and the standard solar irradiance under conventional 

testing conditions, respectively. 𝑇𝐶𝑜 and 𝑇𝐴𝑚 are the 

temperature coefficient corresponding to the PV units' 

maximum produced power and the ambient temperature, 

respectively. 𝜂𝑖𝑛𝑣  𝑎𝑛𝑑 𝜂𝑟𝑒𝑙 are the inverter efficiency and the 

PV relative efficiency, respectively. 
 

2.3. Wind Turbine Mathematical Modeling 
The wind turbine's generated power is directly linked to the 

wind velocity at a specific location, as characterized by the 

manufacturer’s power curve. This relationship is defined as a 

function segmented into four distinct regions, as given in 

equation (2). Historical data from prior studies are employed 

to predict hourly wind speed using the Weibull distribution 

function [35]. 

 

𝑃𝑊𝑇
ℎ =

{
  
 

  
 
0                                                                   𝑣𝑊𝑇

ℎ < 𝑣𝑊𝑇
𝑐𝑢𝑡−𝑖𝑛

𝑃𝑊𝑇
𝑟 (

(𝑣𝑊𝑇
ℎ )

3
−(𝑣𝑊𝑇

𝑐𝑢𝑡−𝑖𝑛)
3

(𝑣𝑊𝑇
𝑟 )

3
−(𝑣𝑊𝑇

𝑐𝑢𝑡−𝑖𝑛)
3)           𝑣𝑊𝑇

𝑐𝑢𝑡−𝑖𝑛  ≤ 𝑣𝑊𝑇
ℎ < 𝑣𝑊𝑇

𝑟

𝑃𝑊𝑇
𝑟                                                𝑣𝑊𝑇

𝑟 ≤ 𝑣𝑊𝑇
ℎ < 𝑣𝑊𝑇

𝑐𝑢𝑡−𝑜𝑢𝑡

 0                                                                   𝑣𝑊𝑇
ℎ ≥ 𝑣𝑊𝑇

𝑐𝑢𝑡−𝑜𝑢𝑡

                                            

  

 

 

 

(2) 

 

where 𝑃𝑊𝑇
ℎ  and 𝑃𝑊𝑇

𝑟  are the WTs' generated and rated powers 

; 𝑣𝑊𝑇
ℎ  and 𝑣𝑊𝑇

𝑟  are the hourly time step wind speed at the 

specific hour ℎ and the rated speed ; 𝑣𝑊𝑇
𝑐𝑢𝑡−𝑖𝑛 and 𝑣𝑊𝑇

𝑐𝑢𝑡−𝑜𝑢𝑡 are 

the WT cut-in and cut-out speeds. 
 

2.3. Energy Storage System (ESS) 
ESSs significantly impact MG stability and reliability, 

primarily by mitigating real and forecasted disturbances or 

interruption issues [36]. Among various ESS technologies 

(e.g., flywheel, pumped hydro), Battery Storage Systems 

(BSSs) are selected for this study due to their adaptability to 

medium-power MG requirements [37].  
 

While battery chemistry selection depends on efficiency, 

lifespan, cost, and application nature, Sodium-Sulfur (NaS) 

batteries are identified as the most promising solution in this 

study. Lead-acid batteries offer low capital cost but are 

constrained by low efficiency (approximately 70%) and a 

shorter lifespan of about 7 years. Nickel-cadmium batteries 

provide extended lifespans (approximately 9 years) and higher 

efficiency (around 85%), but pose health risks due to 

hazardous heavy metals. Although lithium-ion (Li-ion) 

batteries feature rapid response, widely used, high efficiency 

(about 98%), and a lifespan of about 10 years, this study 

employed NaS over Li-ion because the optimum BSS 

selection depends on the application. Despite, Li-ion batteries 

have a higher energy density of 94–500 kWh/m³ and power 

density of 56.80–800 kW/m³ than NaS batteries' energy 

density of 150–345 kWh/m³ and power density of 1.33–50 

kW/m³, lowering their mass and size. They are suitable for 

high-energy-density, portable, or space-limited applications 

like electric vehicles and electronics. For grid storage and 

RERs integration applications, cost-effectiveness, durability, 

and sustainability are prioritized over weight and dimensions. 

Therefore, NaS batteries provide highly reliable technology 

with minimal operational and maintenance expenses, offer 

long endurance (15 years), and achieve high efficiency (up to 

90%). They also sustain extended cycle life (2,500–4,500 

cycles), making them suitable for daily RER and load 

variation management. NaS batteries utilize affordable, 

accessible components, supporting economic sustainability, 

while lithium-ion batteries use precious, expensive minerals. 

Unlike Li-ion batteries, which disrupt the environment due to 

extraction, NaS batteries use no toxins. Thus, they are the most 

eco-friendly and cost-effective batteries. The downsides of 

NaS batteries are their high working temperatures (300–350 

http://www.ijeer.forexjournal.co.in/


International Journal of                                                        International Journal of 
                                                                   Electrical and Electronics Research (IJEER) 
Open Access | Rapid and quality publishing                                        Research Article | Volume 14, Issue 2 | Pages 526-541 | e-ISSN: 2347-470X 

 530 Website: www.ijeer.forexjournal.co.in            Energy Storage System Optimal Allocation for Improving 

degrees Celsius). The ingredients' properties and need for 

liquid form present an issue. Thus, they require high safety. 

Recent technologies use thermal insulation to maintain internal 

temperature and prevent heat loss. Therefore, this constraint is 

acceptable compared to the primary objectives of grid storage 

applications. NaS batteries have been widely supported in 

large-scale projects for demand control and RERs integration, 

demonstrating their development in this field [38,39]. 
 

2.4. Voltage Stability Index Modeling (VSI) 
Voltage stability refers to an electrical network's capacity to 

maintain steady voltages within permissible limits at all buses 

during normal operation and disturbances. Voltage stability 

issues usually develop when the network is overloaded, 

beyond its capacity, leading to a consistent and sudden 

decrease in the voltage. Voltage stability indices are effective 

indicators for assessing voltage stability to guarantee 

system safety. Pinpointing essential sectors, such as lines or 

buses, that necessitate compensation is crucial for maintaining 

voltage stability and preventing overload situations. Voltage 

stability indices are computed for a line, a bus, or the entire 

network[40].A proposed voltage stability index (VSI) is 

derived from the transmitted reactive and active power on a 

distributed line corresponding to equation (3). The point at 

which the stability index reaches its lowest level indicates the 

greatest susceptibility spot to voltage failure within the 

MG[41]. 
 

𝑉𝑆𝐼𝑗 = 2V𝑖
2 V𝑗

2 −  V𝑗
2 − 2V𝑗

2(𝑃𝐽𝑅iJ −𝑄𝐽𝑋iJ) − 𝑍𝑖𝑗
2
(𝑃𝐽

2 −  𝑄𝐽
2),  

                                                                                          (3)                                                                                                   
 

where bus '𝑖' denotes the sending bus, bus '𝑗' denotes the 

receiving bus.𝑉𝑆𝐼𝑗  is VSI at the receiving spot. V𝑖  and V𝑗 

denote the voltage of the sending and receiving nodes, 

respectively.  𝑃𝐽 and 𝑄𝐽 represent the active and reactive power 

at the receiving node, respectively. 𝑍𝑖𝑗 represents the line 

impedance between the sending and receiving buses.𝑅iJ and 

𝑋iJ denote line resistance and reactance, respectively. 
  

2.5. The Operation Cost of the MG 

The overall operational cost of MG is presented in equation 

(4), encompassing utility operation cost ($/kWh), WT and PV 

generation costs ($/kWh), and BSS daily costs (BSDC) 

($/day)[42]. 
 

𝑀𝐺 𝑂𝑝𝑒𝑟𝑎𝑡𝑖𝑜𝑛𝑎𝑙 𝐶𝑜𝑠𝑡 = ∑ (𝐵𝑔𝑟𝑖𝑑
ℎ × 𝑃𝑔𝑟𝑖𝑑

ℎ +𝐻
ℎ=1

𝐵𝑊𝑇
ℎ × 𝑃𝑊𝑇

ℎ + 𝐵𝑃𝑉
ℎ × 𝑃𝑃𝑉

ℎ ) +𝐵𝑆𝐷𝐶,                                  (4) 
 

Where ℎ represents the hourly time step, and 𝐻 denotes the 24 

hour interval. 𝑃𝑔𝑟𝑖𝑑
ℎ , 𝑃𝑊𝑇

ℎ , and 𝑃𝑃𝑉
ℎ   are the output powers of the 

grid, WT and PV at time 𝑡, respectively. 𝐵𝑔𝑟𝑖𝑑
ℎ , 𝐵𝑊𝑇

ℎ , and 𝐵𝑃𝑉
ℎ  

are the prevailing market energy price, and the bid prices of 

the WT and PV ($/kWh) at hour t, respectively. 
 

The daily cost of BSS includes the capital and replacement 

costs of BSS throughout the project's duration. The BSS 

capital cost (𝐵𝑆𝑆𝑐𝑐) is driven by its power 𝑃𝐵𝑡  and energy 

capacities (𝐸𝐵𝑡), as seen in the equation (5). 
 

𝐵𝑆𝑆𝑐𝑐 = (𝐶𝑃 × 𝑃𝐵𝑡) + (𝐶𝐸 × 𝐸𝐵𝑡), (5) 

 

where 𝐶𝑃($/kW) and 𝐶𝐸($/kWh) are the particular expenses 

related to the power and energy capacities of the ESS. 
 

To compute the number of BSS replacements during a 

project's lifetime, combine equations (6) and (7) to calculate 

the total number of cycles accomplished through BSS 

(𝐵𝑆𝑆𝑐𝑦𝑐𝑙𝑒𝑠) .So, equation (8) calculates the lifetime of BSS 

(𝐵𝑆𝑆𝐿𝑇) based on battery life cycle (𝐵𝑆𝑆𝐿𝑖𝑓𝑒𝑐𝑦𝑐𝑙𝑒𝑠) 

and(𝐵𝑆𝑆𝑐𝑦𝑐𝑙𝑒𝑠). 
 

𝑛𝐵(ℎ, 𝑗) = (𝑦𝑎(𝑖) − 𝑦𝑎(ℎ−1))𝑦𝑎(ℎ),   ∀h ∈ 𝐻, ∀𝑗 ∈ 𝐷, (6) 

 

𝐵𝑆𝑆𝑐𝑦𝑐𝑙𝑒𝑠 =∑∑𝑛𝐵

𝐻

h=1

𝐷

𝑗=1

(ℎ, 𝑗),  

 

     

(7) 

 

𝐵𝑆𝑆𝐿𝑇 =
𝐵𝑆𝑆𝐿𝑖𝑓𝑒𝑐𝑦𝑐𝑙𝑒𝑠

𝐵𝑆𝑆𝑐𝑦𝑐𝑙𝑒𝑠
, 

  (8) 

   

 

where 𝑛𝐵(ℎ, 𝑗) is an indication of the cycles as a function of h 

and j, D signifies a total number of working days annually, 

that's is set at 365 in this research, and j represents the working 

day. 𝑦𝑎(𝑖) is a binary parameter that represents the state of the 

BSS during at ℎ and j, with a 𝑦𝑎 equal to 0 while the BSS is 

releasing and 1 when it is charging mode. 
 

Therefore, The BSS replacement number 𝐵𝑆𝑆𝑅𝑁 over project 

duration (Z) is defined as indicated in the equation (9). 
 

𝐵𝑆𝑆𝑅𝑁 =
𝑍

𝐵𝑆𝑆𝐿𝑇
 , 

(9) 

 

Thus, the 𝐵𝑆𝐷𝐶 ($/day) is derived using the equation (10). 
 

𝐵𝑆𝐷𝐶 =
1

𝐷 × 𝑍
(
𝑖𝑟(1 + 𝑖𝑟)𝑍

(1 + 𝑖𝑟)𝑍 − 1
× 𝐵𝑆𝑆𝐶𝑐  × 𝐵𝑆𝑆𝑅𝑁), 

 (10) 

  
where 𝑖𝑟 is the interest rate for funding BSS. 

 

░ 3. OPTIMAL ALLOCATION OF BSSs 
 

3.1. Objective Function  
Herein, the MG system interfaced to the primary grid was 

analyzed using a power flow approach to determine MG 

power losses and characterize the voltage profile before and 

after BSS optimal utilization.  
 

The simulation results indicate the critical function of optimal 

BSS number, site, and sizing selection, presented by the WO 

and the other comparative algorithms, to fulfill the paper's 

objective function (𝑂𝐹) of minimalizing power losses over all 

MG Branches. Eliminating power losses investigates the MG 

operation related to the voltage profile and VSI, especially 

during peak periods, and minimizes the operational expenses 

for the MG. The optimization problem is formulated as a 

single objective function explained by equation (11): 
 

𝑂𝐹 = 𝑚𝑖𝑛 ∑ (𝑃𝐿𝑜𝑠𝑠
𝐵 )= 𝑚𝑖𝑛 ∑ (𝐼𝐵

2𝑅𝐵)
𝑁𝐵
𝐵=1

𝑁𝐵
𝐵=1 , (11) 
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where 𝑃𝐿𝑜𝑠𝑠
𝐵  expresses the active power losses of the Bth 

branch. Nb denotes the total number of MG branches; 𝐼𝐵 is the 

current flow on Bth branch. 𝑅𝐵 is the Bth branch Resistance of 

the Bth branch.  
 

3.2. Constraints 
The BSS optimal utilization problem is subject to the 

following constraints. 
 

3.2.1. Power Balance Equation 

The summation of generated power from the main grid (𝑃𝑔𝑟𝑖𝑑
ℎ ), 

PV (𝑃𝑃𝑉
ℎ  ) ,WT (𝑃𝑊𝑇

ℎ )and discharged the power of BSS 

(𝑃𝐵𝑡
𝑑𝑖𝑠,ℎ

) must be equivalent to the total demand load 

consumption power (𝑃𝐷𝐿
ℎ ), charged power of BSS (𝑃𝐵𝑡

𝑐ℎ,ℎ
) and 

MG total power losses ( 𝑃𝐿𝑜𝑠𝑠
𝐵,ℎ

), as represented in equation (12).  
 

𝑃𝑃𝑉
ℎ + 𝑃𝑊𝑇

ℎ + 𝑃𝑔𝑟𝑖𝑑
ℎ + 𝑃𝐵𝑡

𝑑𝑖𝑠,ℎ

= 𝑃𝐷𝐿
ℎ + 𝑃𝐵𝑡

𝑐ℎ,ℎ +∑𝑃𝐿𝑜𝑠𝑠
𝐵,ℎ ,

𝑁𝑏

𝐵=1

∀ℎ

∈ 𝐻 

(12) 

 

where 𝐻 refers to a 24-hour horizon period; ℎ denotes a 

specific tested hour of the day. 
 

3.2.2. RERs Generation Limits  

The PV and WT units’ generated power must be constrained 

within specified maximum and minimum restrictions, which 

cannot be exceeded, as expressed in the following equations 

(13) and (14). 

 

𝑃𝑊𝑇
ℎ,𝑚𝑖𝑛 ≤ 𝑃𝑊𝑇

ℎ ≤ 𝑃𝑊𝑇
ℎ,𝑚𝑎𝑥 , ∀ℎ           

(13) 

𝑃𝑃𝑉
ℎ,𝑚𝑖𝑛 ≤ 𝑃𝑃𝑉

ℎ ≤ 𝑃𝑃𝑉
ℎ,𝑚𝑎𝑥 , ∀ℎ           

(14) 
 

where 𝑃𝑊𝑇
ℎ,𝑚𝑖𝑛

 and 𝑃𝑊𝑇
ℎ,𝑚𝑎𝑥

 are the minimum and maximum 

generated power of the WTs, respectively. Similarly, 𝑃𝑃𝑉
ℎ,𝑚𝑖𝑛

 , 

𝑃𝑃𝑉
ℎ,𝑚𝑎𝑥

 indicate the PV power generation limits. 
 

3.2.3. BSSs Limits 

The BSS charging power (𝑃𝐵𝑡
𝑐ℎ,ℎ

) and discharging power ( 𝑃𝐵𝑡
𝑑𝑖𝑠,ℎ

) 

must be restricted to their maximum charging and discharging 

power limits (𝑃𝐵𝑡,𝑚𝑎𝑥
𝑐ℎ,ℎ

, 𝑃𝐵𝑡,𝑚𝑎𝑥
𝑑𝑖𝑠,ℎ

) respectively ,as represented by 

equations (15) and (16). 
 

𝑃𝐵𝑡
𝑐ℎ,ℎ ≤ 𝑃𝐵𝑡,𝑚𝑎𝑥

𝑐ℎ,ℎ , ∀ℎ ≤ 𝐻         (15) 

𝑃𝐵𝑡
𝑑𝑖𝑠,ℎ ≤ 𝑃𝐵𝑡,𝑚𝑎𝑥

𝑑𝑖𝑠,ℎ , ∀ℎ ≤ 𝐻         (16) 

 

Equation (17) provides the BSS state of charge 𝑆𝑜𝐶ℎ 

restriction at a specific hour (ℎ) with respect to its upper and 

lower boundaries (𝑆𝑜𝐶ℎ
𝑀𝑎𝑥, 𝑆𝑜𝐶ℎ

𝑀𝑖𝑛), respectively.  
 

𝑆𝑜𝐶ℎ
𝑀𝑖𝑛 ≤ 𝑆𝑜𝐶ℎ ≤ 𝑆𝑜𝐶ℎ

𝑀𝑎𝑥 , ∀ℎ ≤ 𝐻 (17) 

 

Moreover, equation (18) shows that the 𝑆𝑜𝐶ℎ at h is obtained 

based on the preceding hour 𝑆𝑜𝐶ℎ−1 ,which is updated by 

adding the charged power and subtracting the discharged 

quantity during BSS operation. At the first hour of the day, the 

initial state of charge (𝑆𝑜𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙) is considered. 𝜂𝐵𝑡and ∆ℎ 

represent the BSS efficiency and the time difference period, 

respectively, where ∆ℎ is always equal to one.  
 

𝑆𝑜𝐶ℎ

= {
𝑆𝑜𝐶𝑖𝑛𝑡𝑖𝑎𝑙 + ∆ℎ 𝜂

𝐵𝑡  𝑃𝐵𝑡
𝑐ℎ,ℎ − ∆ℎ  𝑃𝐵𝑡

𝑑𝑖𝑠,ℎ,             ℎ = 1

𝑆𝑜𝐶ℎ−1 + ∆ℎ 𝜂
𝐵𝑡  𝑃𝐵𝑡

𝑐ℎ,ℎ − ∆ℎ  𝑃𝐵𝑡
𝑑𝑖𝑠,ℎ,   ∀ℎ ≥ 2, ℎ ∈ 𝐻

 

 (18) 

 

Equation (19) ensures BSS operational consistency over the 

daily horizon by maintaining the initial and terminal states of 

charge at identical values. 
 

𝑆𝑜𝐶𝑖𝑛𝑡𝑖𝑎𝑙 = 𝑆𝑜𝐶𝐻 ,             (19)          
 

Additionally, the total supplied power must equal the total 

consumed power of the BSS, accounting for its efficiency 𝜂𝐵𝑡, 
as defined in equation (20). 

 

`∑ 𝑃𝐵𝑡
𝑑𝑖𝑠,ℎ𝐻

ℎ=1 = ∑ 𝑃𝐵𝑡
𝑐ℎ,ℎ𝐻

ℎ=1 ×  𝜂𝐵𝑡 , (20) 

 

3.2.4. Voltage Constraint 

The permissible range of the Root Mean Square (RMS) 

voltage value at each MG busbar (𝑖) is constrained by equation 

(21). 
 

𝑉𝑖,𝑚𝑖𝑛 ≤ 𝑉𝑖 ≤ 𝑉𝑖,𝑚𝑎𝑥 , (21) 
 

where 𝑉𝑖,𝑚𝑖𝑛 and  𝑉𝑖,𝑚𝑎𝑥 denote the upper and lower voltage 

limitation values, which are set at 0.95 and 1.05 p.u., 

respectively. 
 

3.2.5. Branch Current Capacity Constraint 

The current of each MG branch must be bounded by its upper 

thermal limit, as expressed in equation (22). 
 

𝐼𝑅𝑀𝑆
𝐵 ≤ 𝐼𝑅𝑀𝑆,𝑚𝑎𝑥

𝐵 ,   

(22) 

where 𝐼𝑅𝑀𝑆
𝐵 and 𝐼𝑅𝑀𝑆,𝑚𝑎𝑥

𝐵  are the branch current flow and the 

branch maximum passing current capacity, respectively. 
 

3.2.6. Load Flow Constraints  

The power flow analysis technique employs two matrices: the 

Bus Injection to Branch Current (BIBC) matrix and the Branch 

Current to Bus Voltage (BCBV) matrix, making it ideal for 

radial distribution systems.  
 

Equation (23) demonstrates the complex load (𝑆𝒊) at each bus 

(𝑖), while equation (24) estimates the equivalent current 

injection (𝐼𝒊) by combining 𝑆𝒊 and the node voltage 𝑉𝑖 . The 

power flow results are obtained by repeatedly solving these 

equations while preserving the iteration number (𝑖𝑡𝑒𝑟)[43]. 
 

𝑆𝒊 = 𝑃𝑖 + 𝑗𝑄𝑖      ,    𝑖 = 1,2, … . , 𝑛 (23) 
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𝐼𝑖
𝑖𝑡𝑒𝑟 = (

𝑆𝒊

𝑉𝑖
𝑖𝑡𝑒𝑟)

∗

, (24) 

∆𝑉𝑖
𝑖𝑡𝑒𝑟+1 + [𝑚𝑚] ∗  𝐼𝑖

𝑖𝑡𝑒𝑟 , (25) 

𝑉𝑖
𝑖𝑡𝑒𝑟+1 + 𝑉𝑖

𝑖𝑡𝑒𝑟 + ∆𝑉𝑖
𝑖𝑡𝑒𝑟+1, (26) 

where 𝑚𝑚 represents the multiplicative matrix of 𝐵𝐶𝐵𝑉 and 

𝐵𝐼𝐵𝐶 matrices. 

 

░ 4. WO OPTIMIZATION APPROACH 
Proposed by Pavel et al. [44] in 2022, WO is a novel bio-

inspired metaheuristic algorithm. This optimization algorithm 

mimics walrus behavior in its native environment, including 

harvesting and adaptation strategies. The foraging behavior of 

walruses enables extensive exploration of diverse candidate 

solutions, enhancing the ability to evaluate all options and 

optimize outcomes effectively.  
 

The WO has gained significant interest in power system and 

MG applications according to its efficient global search ability 

and balancing exploration–exploitation dynamics. Modern 

MGs with significant integration of RERs are fundamentally 

defined by unpredictable generation, fluctuating power flow, 

and strong interactions with voltage stability and demand flow, 

leading to a highly nonlinear and complex coupled dynamic 

system[45]. WO was tested using 68 benchmark functions and 

compared with 10 notable metaheuristic methods. The 

outcomes reveal that WO is highly competitive with other 

algorithms and yields the most effective solutions to 

optimization challenges. WO demonstrates competitive 

performance relative to PSO, GWO, and other hybrid 

evolutionary and swarm-based techniques, particularly 

regarding convergence speed, solution quality, and robustness 

in uncertain conditions. Additionally, WO derives the optimal 

solution from the proposed solution group based on walrus 

flexibility and behavioral intelligence Moreover, WO highly 

suitable for real-time and adaptive energy management[46]. 

Recent research indicates that WO-based solutions are notably 

effective in improving the functioning of the distribution 

system, optimizing power flow, and tackling MG energy 

administration and RER integration challenges, resulting in 

enhanced convergence characteristics and more cost-effective 

dispatch strategies [47]. The WO methodology depends on 

three stages: initialization, migration, and exploitation. The 

WO framework steps are as follows: initialization, objective 

function estimation, feeding and foraging, migration, 

exploitation, and termination. 
 

4.1. Algorithm Initialization 
In WO, walruses are regarded as population members that are 

randomly organized within a population matrix, as defined 

mathematically by equation (27). Each walrus represents a 

potential solution to the optimization problem, and its location 

in the search domain indicates the feasible ranges of the 

associated parameters. As a result, each one in this group's 

array can be an integer. 

𝑋 =

[
 
 
 
 
𝑋1
:
𝑋𝑖
:
𝑋𝑁]
 
 
 
 

𝑊×𝑚

=

[
 
 
 
 
𝑥1,1   
:
𝑥𝑖,1 
:

𝑥𝑁,1 

 

  ..   
:
. .
:
. .

   𝑥1,𝑗   
:

  𝑥𝑖,𝑗 
:

  𝑥𝑁,𝑗 

  ..   
:
. .
:
. .

     𝑥1,𝑚   
:

  𝑥𝑖,𝑚 
:

   𝑥𝑁,𝑚 ]
 
 
 
 

𝑁×𝑚

, 

 

(27) 

 

where 𝑋 represents the population of walrus; 𝑋𝑖 denotes the 

candidate option of the 𝑖th Walrus; 𝑥𝑖,𝑗 indicates the selected 

value of the 𝑗th choice parameter associated with 𝑖th walrus; 𝑁 

denotes the total population count; 𝑚 represents the number of 

decision parameters. 
 

4.2. Objective Function Estimation 
The primary objective determines the optimal solution, which 

is derived from the values given in equation (28). 
 

𝑂𝐹 =

[
 
 
 
 
𝑂𝐹1
:
𝑂𝐹𝑖
:

𝑂𝐹𝑁]
 
 
 
 

𝑁×1

=

[
 
 
 
 
𝑂𝐹(𝑋1) 

:
𝑂𝐹(𝑋𝑖)

:
𝑂𝐹(𝑋𝑁)]

 
 
 
 

𝑁×1

, 

 

                       

(28) 

 

where 𝑂𝐹 represents the objective function array and 𝑂𝐹𝑖 
denotes the objective value corresponding to the 𝑖th walrus. 

The walrus achieving the best assessed objective value is 

considered the ideal candidate solution.  
 

4.3. The Feeding and Foraging Process  
Within the walrus population, long-tusked individuals 

influence other members by guiding them toward high-quality 

feeding sites. In this step, the walrus's (𝑖th) updated position 

(xi,PO1)is computed according to equation (29), and the 

corresponding objective function value (OFi,PO1) is evaluated. 

Whenever the modified position yields a better objective 

value, it replaces the previous one; otherwise, the original 

position (xi) is retained, as described in equation (30). 

 

𝑥(𝑖,𝑗),𝑃𝑂1 =𝑥(𝑖,𝑗) + 𝑟𝑎𝑛𝑑(𝑖,𝑗)(𝑆𝑊𝑗 − 𝐼(𝑖,𝑗) ∙ 𝑥(𝑖,𝑗)),          (29) 

𝑥𝑖 = {
𝑥𝑖,𝑃𝑂1 , 𝑂𝐹𝑖,𝑃𝑂1  < 𝑂𝐹𝑖
𝑥𝑖 , 𝑒𝑙𝑠𝑒

          (30) 

 

where 𝑥𝑖𝑗,𝑃𝑂1 represents the 𝑗th dimension of the 𝑖th updated 

position, 𝑟𝑎𝑛𝑑(𝑖,𝑗)denotes randomly generated values in the 

interval [0, 1], while 𝑆𝑊 refers to the best solution 

corresponding to the optimal objective value, and 𝐼(𝑖,𝑗) 

represents randomly selected integers within the range (1 to 2). 
 

4.4. Migration Process 
Walruses move to rocky or sandy coastlines when the weather 

heats up at the end of summer. This migration behavior is 

intended to guide walruses as they explore the region in search 

of suitable spots. It reflects a mechanism in which each walrus 

moves to a random position within the search domain. As a 

result, an alternative suggested location 𝑥𝑖,𝑃𝑂2 is initially 

calculated using the equation (31). As described in equation 

(32), whenever a new position improves the desired functional 
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objective, it replaces the walrus's previous position. otherwise, 

the original position (𝑥𝑖) is retained. 

𝑥𝑖

= {
𝑥(𝑖,𝑗)  +  𝑟𝑎𝑛𝑑(𝑖,𝑗) ∙  (𝑥(𝐶,𝑗)  −  𝐼(𝑖,𝑗)  ∙  𝑥(𝑖,𝑗)) , 𝑂𝐹𝐶  < 𝑂𝐹𝑖

𝑥(𝑖,𝑗)  +  𝑟𝑎𝑛𝑑(𝑖,𝑗) ∙  ( 𝑥(𝑖,𝑗) − 𝑥(𝐶,𝑗) ) , 𝑒𝑙𝑠𝑒
 

   

(31) 

𝑥𝑖 = {
𝑥𝑖,𝑃𝑂2 , 𝑂𝐹𝑖,𝑃𝑂2  < 𝑂𝐹𝑖
𝑥𝑖 , 𝑒𝑙𝑠𝑒

 
(32) 

 

where 𝑥(𝑖,𝑗),𝑃𝑂2 is the 𝑗th dimension of the 𝑖th new position; 

𝑂𝐹𝑖,𝑃𝑂2 represents its calculated functional objective ; 𝐶 ∈

{1,2, … . . , 𝑁}, and 𝐶 ≠ 𝑖 provides the new selected position 

that the 𝑖th walrus will move to ; 𝑥(𝐶,𝑗) denotes its 𝑗th vector; 

𝑂𝐹𝐶  represents its evaluated functional objective. 

 

4.5. Escaping and Fighting Against Predators 

(Exploitation) 
Walruses are constantly at risk from predators such as polar 

bears and killer whales. Their escape and defensive strategies 

lead to changes in their positions within their immediate 

surroundings. By simulating this natural behavior, the WO 

enhances its exploitation capability during local searches in 

the solution area around suggested options. To model this 

phenomenon, each walrus is assumed to be surrounded by its 

vicinity. An updated position 𝑥𝑖,𝑃𝑂3is generated inside this 

vicinity utilizing equations (33) and (34). Once the updated 

position improves the desired objective, it replaces the 

previous one; otherwise, the original position (Xi) is retained 

according to equation (35). 
 

𝑥(𝑖,𝑗),𝑃𝑂3 =𝑥(𝑖,𝑗) + (𝑙𝑐𝑙𝑜𝑐𝑎𝑙,𝑗,𝑇 + (𝑢𝑐𝑙𝑜𝑐𝑎𝑙,𝑗,𝑇 −

𝑟𝑎𝑛𝑑(𝑖,𝑗) 𝑙𝑐𝑙𝑜𝑐𝑎𝑙,𝑗,𝑇)), 
(33) 

𝐿𝑜𝑐𝑎𝑙 𝑐𝑜𝑛𝑠𝑡𝑟𝑎𝑖𝑛𝑡𝑠 = { 

𝑙𝑐𝑙𝑜𝑐𝑎𝑙,𝑗,𝑇 = 𝑙𝑐𝑗  /𝑇 ,
     

𝑢𝑐𝑙𝑜𝑐𝑎𝑙,𝑗,𝑇 = 𝑢𝑐𝑗 /𝑇
 (34) 

𝑥𝑖 = {
𝑥𝑖,𝑃𝑂3 , 𝑂𝐹𝑖,𝑃𝑂3  < 𝑂𝐹𝑖
𝑥𝑖 , 𝑒𝑙𝑠𝑒

 (35) 

where 𝑥(𝑖,𝑗),𝑃𝑂3 is the 𝑗th dimension of the 𝑖th new location; 

𝑂𝐹𝑖,𝑃𝑂3 denotes its evaluated objective value;𝑇indicates the 

repetition contour; 𝑙𝑐𝑗  and 𝑢𝑐𝑗 represent the lower and upper 

constraints of the 𝑗th parameter, respectively; and 𝑙𝑐𝑙𝑜𝑐𝑎𝑙,𝑗,𝑇 and 

𝑢𝑐𝑙𝑜𝑐𝑎𝑙,𝑗,𝑇 provide the local lower and upper constraints 

associated with the 𝑗th parameter, respectively, enabling the 

search within the surrounding area for potential alternatives. 

  

4.6. Termination Criteria 
The algorithm terminates upon reaching the maximum number 

of iterations or when a sufficiently low objective function 

value is obtained. Otherwise, the process returns to the 

objective function estimation step. Figure 2 displays the WO 

framework flowchart. Finally, the algorithm outputs the best 

solution along with relevant performance metrics, such as 

convergence behavior and computational efficiency, while 

maintaining a balance between exploration and exploitation. 

This provides insights into WO productivity and ensures 

effective global search while avoiding premature convergence. 

Simulations were conducted using MATLAB R2021b on a 

laptop with an Intel® Core™ i7-8850H CPU @ 2.60 GHz and 

(2.59 GHz), and 16.00 GB RAM. The WO parameters were 

set to 100 iterations and a population size of 10.  

 

Figure 2. Flowchart of the WO Algorithm Phases  

 

░ 5. DATASETS 
This study investigates a grid-connected MG comprising five 

PV units, four WT units, and multiple loads, as shown in 

figure 1. The locations and ratings of the RER units are 

summarized in table 2. The RERs are integrated to track the 

variable load demand over a 24-hour period and thereby 

enhance operational reliability. Figure 3 illustrates the hourly 

load profile and corresponding RER output, from which three 

main operational challenges are identified. 
 

First, during off-peak hours from hour 3 to hour 7, RER 

generation exceeds load demand, creating surplus power that 

an ESS must absorb. Ensuring an appropriate balance between 

daily RER production and consumption is therefore essential. 

Second, during peak hours (around hour 16 and from hour 18 

to hour 21), load demand exceeds RER generation, leading to 

overloading conditions and voltage deviations across several 

buses. To alleviate these overloads, a BSS is introduced to 

discharge stored energy during peak periods while satisfying 

predefined power-balancing criteria. Third, power flow 

analysis reveals that the system exhibits unacceptably high-
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power losses, highlighting the need for optimal BSS siting and 

sizing within the MG. To address these issues, Sodium–Sulfur 

(NaS) batteries are adopted as the BSS technology, as shown 

in table 3. The battery SoC is initialized at 0.3 of its rated 

capacity and constrained between 0.1 and 0.9 to preserve 

battery life and ensure stable operation, in accordance with 

Institute of Electrical and Electronics Engineers (IEEE) 

recommendations [48]. These modeling assumptions provide a 

consistent basis for comparing the six proposed optimization 

algorithms, each of which yields a distinct solution for BSS 

design and allocation, enabling an objective performance 

assessment. Table 4 details the control parameters for the 

optimizers. For instance, Population-based algorithms such as 

WO can achieve steady convergence with relatively small 

populations due to their inherent search dynamics and 

balanced exploration-exploitation characteristics. The 

population size was established at 10, and the maximum 

number of iterations was constrained to 100 for computational 

efficiency. An increase in population size does not intrinsically 

improve solution quality; it significantly raises computing 

costs. Similarly, 100 iterations were considered sufficient for 

achieving near-optimal convergence. The residual parameters, 

encompassing the convergence control parameter, migration, 

risk, and clustering-related parameters, are adaptively 

modified throughout the search process. These parameters 

govern population variety, improve global search, and prevent 

premature convergence[49]. 

 

 

Figure 3. The Total Demand Load and The Total RERs Output Power 

Per Hour 
 

░ Table 3. NaS Battery Parameters 
 

Parameter Values 

Initial SoC 0.3 

Minimum SoC 0.1 

Maximum SoC 0.9 

Efficiency (%) 90 

Span time(years) 15 

 

░ Table 4. Control Parameters of the proposed Optimizers 

[50- 52]. 
 

 

Algorit

hm 

Popula

tion 

Size 

Iterati

ons 
Key Parameters 

WO 
10 100 

Convergence parameter (𝑎:1→ 0), 

risk factors (𝐴 , 𝑅), 

migration factor (), 

distress coefficient (𝑃), 

clustering coefficients (𝑎 , 𝑏) 

DBA 
10 100 

Motion control parameter (𝛼=0.5), 

investigation and attack Probability 

(𝑃𝑖𝑛𝑣𝑒𝑠𝑡 = 0.5, 𝑃𝑎𝑡𝑡𝑎𝑐𝑘 = 0.5) 

I-GWO 
10 100 

Convergence parameter (𝑎:2→ 0), 

enclosing and displacement 

coefficient vectors (𝐴, 𝐶) 

SSLO 
10 100 Social and balance learning criteria 

( = 1,  = 0.5) 

PSO 
10 100 

Inertia weights (ω𝑚𝑎𝑥 = 0.9, 

ω𝑚𝑖𝑛 = 0.2), 

acceleration coefficient (𝑐1 = 1 , 
𝑐2 = 2) 

GA 
10 100 

Crossover and mutation 

probabilities 

(𝑃𝑐 = 0.95, 𝑃𝑚 = 0.001) 

 

░ 6. RESULTS EVALUATIONS AND 

DISCUSSION 
The optimization process is investigated during the critical 

peak load hour (hour 20), when the load reaches 1.7 MW 

following the inclusion of RERs, as illustrated by the load 

variations in figure 3, representing the most critical MG 

operating condition. Six optimization algorithms are 

employed: WO, DBA, I-GWO, SSLO, PSO, and GA. The 

primary objective is to determine the optimal number, size, 

and location of BSS units within the MG to enhance the 

voltage profile, improve voltage stability, and reduce power 

losses. Table 5 presents the MG performance for the different 

BSS designs obtained by all algorithms through power flow 

analysis under system constraints. The table evaluates MG 

performance in terms of the minimum voltage value, the 

lowest VSI at the weakest bus (Bus 33), and the MG losses 

during the optimization hour, which represent the objective 

function value for each scenario. In addition, the table 

summarizes three operating scenarios: without BSS, with a 

single optimally allocated BSS, and with two optimally 

allocated BSS units, as follows. 
 

6.1. Microgrid Performance Without BSS 
This study examined the worst-case MG operating scenario to 

identify the maximum per-unit (p.u.) bus voltage drop at Bus 

33 and the highest total power losses. The minimum p.u. 

voltage and VSI are 0.9295 and 0.9612, respectively, while the 

total power loss reaches 92.59 kW. The baseline scenario, 

which consists solely of RER generation without BSS 

interaction, exhibits the highest power losses and therefore 

serves as a reference case for evaluating the benefits of BSS 

integration. These results highlight the necessity of optimal 

BSS allocation within the MG. 
 

6.2. Microgrid Performance With Single BSS 
GA and PSO optimized 1 MW BSS configurations at Buses 10 

and 29, respectively. These configurations achieved loss 

reductions of 11.95% and 17.59%, and improved the minimum 

p.u. voltage to 0.952339 and 0.9562, with VSI values of 

0.97904 and 0.98111, respectively. The DBA and SSLO 

provided results identical to those of PSO. In contrast, WO 
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and I-GWO optimized a 1.5 MW BSS configuration at Bus 6, 

reducing overall losses by 40.91% while improving the 

minimum p.u. voltage and VSI to 0.964111 and 1.001716, 

respectively. The outstanding performance of WO 

demonstrates its advanced ability for achieving optimal power 

distribution under MG operating constraints compared to the 

other approaches. 
 

6.3. Microgrid Performance With Two BSS Units 
This case demonstrated clear performance differences among 

the six optimizers. For example, GA proposes two BSS units: 

0.5 MW at Bus 4 and 0.4 MW at Bus 11, reducing overall 

power losses by 18.10% and improving the weakest p.u. 

voltage and VSI to 0.95633 and 0.982329, respectively. 

Similarly, all algorithms indicate two batteries with different 

configurations and results provided in the table, further 

highlighting the differences among the methods and indicating 

the superior performance of the WO optimizer. WO achieves 

optimal operational performance by selecting two BSS units: 

1.3 MW at Bus 29 and 1 MW at Bus 2. This configuration 

achieves a loss reduction of 53.56%, representing the highest 

reduction level, while improving the minimum p.u. voltage 

and VSI to 0.9803 and 1.0201, respectively. The findings 

confirm the effectiveness of WO due to its improved MG 

performance and loss reduction, which also leads to cost 

reduction, demonstrating higher efficiency compared to the 

other optimizers. 
 

 

░ Table 5. MG Performance Comparison Based on the Optimal Allocation of BSSs Using Proposed Optimizers 
 

Case Optimizer Location Bus 
Size 

(MW) 

Capacity 

(MWh) 

Min. 

Voltage 

(p.u.) 

Min. VSI 

(p.u.) 

Total 

Losses 

Losses 

Reduction 

(KW) (%) 

W/O 

BSS 
_ _ _ _ 0.9295 0.9612 92.59 - 

1 BSS 

WO and 

 I-GWO 
6 1.5 5.5 0.9641 1.002 54.71 40.91% 

PSO&DBA& 

SSLO 
29 1 5 0.9562 0.9811 76.3 17.59% 

GA 10 1 5 0.9523 0.979 81.53 11.95% 

2 BSS 

WO 
29 1.3 4 

0.9803 1.0201 43 53.56% 
2 1 6 

DBA 
17 0.2 1 

0.9783 1.0161 51.81 44.04% 
30 1 5 

I-GWO 
16 0.2 1 

0.9772 1.0149 52.18 43.64% 
29 1 5 

SSLO 
30 1 5 

0.9679 1.0027 66.74 27.91% 
1 0.1 0.5 

PSO 
27 0.2 1 

0.9585 0.9903 74.08 19.99% 
9 0.6 3 

GA 
4 0.5 2.5 

0.9563 0.9823 75.83 18.10% 
11 0.4 1.8 

 

To guarantee the reliability of the results, all optimization procedures were performed 10 times during loss mitigation. This 

supports a rigorous statistical assessment of solution quality and reproducibility. Table 6 presents the maximum, minimum, and 

average loss reductions for the six employed optimization methods. These reductions represent the main performance indicator 

investigated in this study. In addition, the values of the standard deviation (std) are provided to evaluate the consistency and 

stability of the obtained results. 
 

As observed from the table, WO demonstrated superior performance compared to the other algorithms, achieving the highest loss 

reduction of 0.0430 MW, while DBA followed with consistent, although comparatively lower, improvements.  
 

I-GWO also exhibited stable, albeit with slightly lower improvements than DBA. This was followed by SSLO, PSO, and finally 

GA, which, despite still outperforming the baseline case without BSS, showed the lowest improvement and higher variability. 
 

Regarding result consistency, all employed optimizers produced relatively small deviations and stable convergence behavior, 

except for GA. Notably, WO remained particularly effective, as it achieved both the best objective value and an almost negligible 

standard deviation, as illustrated in Figure 4. These results confirm the strong consistency of WO and validate its suitability for 

MG applications. 
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░ Table 6. The Performance indicators of the Proposed 

Optimization Algorithms for the Double-BSS 

Configuration 
 

Index/ 

Algorithm 
GA PSO SSLO I-GWO DBA WO 

Best  0.0758 0.07408 0.06674 0.0522 0.0518   0.0430 

Worst 0.0804 0.07409 0.06674 0.0525 0.0519   0.0430 

Mean  0.0783 0.0741 0.06674 
0.0523 

0.05184 0.0430 

std% 1.8647 0.0029 0.000164 0.21981 0.0778 0.0067 

 

 
 

Figure 4. Box Plot Analysis of the Proposed Algorithm for the 

Double BSS Configuration 
 

The total power losses and voltage profile were analyzed for 

each hourly interval in all study cases, both before and after 

optimal BSS integration. For instance, Figure 5 illustrates MG 

total power-loss mitigation during peak load hours using the 

double BSS configurations from the six optimizers. This figure 

clearly indicates that, during all peak hours, WO reduced MG 

losses by nearly 50% of the base scenario, illustrating its 

outstanding loss mitigation efficacy. For example, at hour 21 

the WO double BSS design achieved MG losses of 41.5 MW, 

while the MG losses without BSS were 78.3 MW, indicating a 

power saving of 47%. 
 

To demonstrate the double BSS designs employing GA, PSO, 

SSLO, I-GWO, DBA, and WO integration for enhancing the 

MG voltage profile during peak load hours, Figures 6 and 7 

depict the voltage profiles at hours 19 and 20, corresponding 

to 97% and 100% of the maximum load requirement after the 

integration of RERs, as indicated by the daily load profile in 

figure 3. Figures 6 and 7 clearly indicate that the voltage 

profile of the MG improved compared to the baseline scenario 

without BSS, since the BSS discharged during these hours, 

facilitating regulating the voltage of those high loads. Also, 

figure 8 illustrates the voltage profile at hour 11 (16% loading 

following the integration of RERs). It is noteworthy that the 

voltage profile of the MG remains consistent throughout all 

scenarios, as the voltage remains stable outside of the BSS 

charging and discharging intervals, signifying restricted 

storage impact under low-load conditions. Meanwhile, Figure 

9 demonstrates the MG voltage profile at hour 5, suggesting a 

negative loading percentage related to RER surplus power.  

 

The voltage profile of the MG without an integrated BSS 

reaches its maximum levels, indicating overvoltage tendency. 

After BSS integration into the MG, the BSS is charged due to 

excess power and low market price. Therefore, the MG 

voltage profile decreases from the base case due to the 

absorption of excess generation. Although the voltage lower 

limit was not violated in any situation, the WO double design 

produced voltage values closest to the base case when 

compared to the other double designs, indicating superior 

performance. 
 

Figures 10 and 11 illustrate the impact of BSS on the VSI 

during peak load hours 19 and 20 respectively, in line with the 

voltage improvements shown in figures 6 and 7. The results 

indicate that MG stability is enhanced through increased VSI 

values compared to the baseline without BSS, under GA, PSO, 

SSLO, I-GWO, DBA, and WO double BSS configurations, 

confirming the superior performance of the WO design. 

Moreover, figure 12 shows a reduction in VSI during off-peak 

hour 5, corresponding to the deterioration in the voltage 

profile in figure 8, with WO maintaining values closest to the 

base case. 
        

Moreover, figure 13 shows the fitness value on the y-axis 

versus the number of epochs on the x-axis, with six curves 

representing the convergence characteristics of GA, PSO, 

SSLO, I-GWO, DBA, and WO within the MG after expanding 

the system to include single BSS configurations. The GA 

approach starts with a relatively high fitness value of around 

0.100523 MW. As the iterations progress, the GA algorithm 

reduces the fitness value, which stabilizes at approximately 

0.08153 MW after about 15 iterations. The PSO, SSLO, and 

DBA approaches provide moderate improvements in 

convergence, achieving optimal values of 0.07630 MW after 

21, 15, and 6 iterations, respectively. The I-GWO and WO 

strategies converge rapidly to low fitness levels, stabilizing at 

approximately 0.0547 MW after 8 and 6 iterations, 

respectively. Figure 14 demonstrates the comparative 

performance of these six algorithms within the MG under 

double BSS configurations, with the GA algorithm initiating at 

a maximum fitness value of 0.0760 MW. Over time, the GA 

algorithm decreases the fitness value, eventually settling at 

0.0758 MW after 42 iterations. The PSO algorithm follows, 

reaching a plateau at a slightly lower fitness level than GA and 

maintaining a value of 0.0741 MW after 8 iterations. The 

SSLO algorithm demonstrates moderate convergence among 

all techniques, stabilizing at around 0.0066 MW after 22 

iterations. Although DBA starts with a higher fitness value 

than I-GWO, it stabilizes at 0.05182 MW after 10 iterations, 

while I-GWO remains constant at 0.01521 MW after 66 

iterations. The results indicate that WO converges from 0.0432 

MW to an optimal solution of 0.0043 MW after 15 iterations, 

outperforming the alternative methods and demonstrating 

superior fitness performance. These results further confirm 

that WO significantly enhances optimization efficiency. 
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Figure 5. Power Losses During Peak Hours for Different Double 

BSS Designs 

 

 
 

Figure 6. Voltage Profile Analysis of the MG under Different 

Double BSS Designs at Hour 19 

 

 
 

Figure 7. Voltage Profile Analysis of the MG under Different 

Double BSS Designs at Hour 20 

 

    

Figure 8. Voltage Profile Analysis of the MG under Different Double 

BSS Designs at Hour 11 

  

 
 

Figure 9. Voltage Profile Analysis of the MG under Different Double 

BSS Designs at Hour 5 

 

 
 

Figure 10. Assessment of Voltage Stability Index under No BSS and 

Double BSS Configurations at Hour 19 

 

 
 

Figure 11. Assessment of Voltage Stability Index under No BSS and 

Double BSS Configurations at Hour 20 

 

 
 

Figure 12. Assessment of Voltage Stability Index under No BSS and 

Double BSS Configurations at Hour 5 
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Figure 13. Convergence characteristics of WO, DBA, I-GWO, 

SSLO, PSO and GA for Single BSS Designs 
 

 
 

Figure 14. Convergence characteristics of WO, DBA, I-GWO, 

SSLO, PSO and GA for Double BSS Designs 
 

To assess the economic impact of the BSSs on system 

performance, the operating cost of the MG is analyzed under 

different operating conditions. Table 7 presents the bidding 

prices of the PV and WT units, together with the cost 

parameters of the NaS batteries employed in this study. 

Furthermore, the electricity market price exhibits considerable 

fluctuations, fluctuating significantly between off-peak and 

peak-demand periods. Such variations emphasize the 

economic significance of the BSSs in reducing the MG 

operating cost by effective energy management and enhanced 

utilization of RERs, hence improving MG economic 

performance of the system.  

 

░ Table 7. PV and WT Bidding Prices and NaS Battery Cost 

Parameters[42]. 

 

Table 8 presents the computed operating costs of the MG with 

and without BSS interaction, including grid, PV, WT, BSS 

capital, total BSS daily costs, and the overall daily operating 

cost. In the base case, the operating cost accounts for MG 

operation and power losses. The BSS daily cost includes 

capital and replacement costs over a 35-year project lifetime, 

with an interest rate of 0.02 considered to guarantee a realistic 

economic analysis. The NaS battery lifecycle is adopted from 

table 3, while the annual number of cycles𝐵𝑆𝑆𝑐𝑦𝑐𝑙𝑒𝑠 and 

lifetime𝐵𝑆𝑆𝐿𝑇  are used to determine the required replacements 

𝐵𝑆𝑆𝑅𝑁 over the project horizon. The percentage cost reduction 

is evaluated relative to the base case. 
 

The findings indicate that the MG running cost is significantly 

reduced by the optimal BSS design. Table 5 clearly indicates 

that the case corresponding to the implementation of the WO 

algorithm yields the highest percentage of savings in operating 

costs (10.74%). This is due to its optimal power distribution 

between the storage units and the grid, along with a substantial 

reduction in power losses, which consequently reduces grid 

operating costs, especially during peak-load periods when 

energy market prices are high. 
 

Figure 15 illustrates the optimal output power of the grid, PV, 

WT, and the WO double BSS for each hour of the day. 

Furthermore, based on daily load and generation profiles, 

power flow constraints, and balancing requirements, the BSS 

charging and discharging power is calculated hourly as a 

function of the SoC levels. Figure 16 illustrates the SoC of the 

WO double BSS at each hour of the day. It indicates that both 

BSS units are charged from hour 3 to hour 7 during periods of 

surplus power and low market prices. Following full charging, 

the BSS units discharge when the total generation is 

insufficient to satisfy MG technical performance requirements 

and when energy market prices are high, thereby reducing 

operational costs and enhancing system performance during 

peak hours. 

 

░ Table 8. MG Operational Cost Comparison with and 

without Double BSS configurations using Proposed 

Optimization Algorithms 
 

Case 
Operation 

cost ($) 

 BSS 

capital cost 

($) 

𝑩𝑺𝑺𝑹𝑵  

BSS 

cost/day 

($/day)  

Total 

BSS 

cost 

/day 

($/day)  

Total 

operating 

cost/day 

($/day) 

Saving 

(%) 

W/BSS 142681.54 ----- ----- ----- ----- 142681.54 ----- 

Two 

BSS 

(WO) 

124439.49 

6389310.16 3 1633.89 

2920.16 127359.65 10.74% 

5029969.32 3 1286.27 

Two 

BSS 

(DPA) 

129109.14 

5029969.32 3 1286.27 

1543.53 130652.67 8.43% 

1005993.86 3 257.25 

Two 

BSS (I-

GWO) 

128368.62 

5029969.32 3 1286.27 

1543.53 129912.15 8.95% 

1005993.86 3 257.25 

Two 

BSS 

(SSLO) 

131470.86 

5029969.32 3 1286.27 

1414.90 132885.76 6.87% 

502996.93 3 128.63 

Two 

BSS 

(PSO) 

133040.90 

3017981.59 3 771.76 

1029.02 134069.92 6.04% 

1005993.86 3 257.25 

Two 

BSS 

(GA) 

133307.00 

2514984.66 3 643.14 

1157.65 134464.64 5.76% 

2011987.73 3 514.51 

Item value 

PV Bid ($/kWh) 2.8 

WT Bid ($/kWh) 1.72 

Grid Bid ($/kWh) Time Varying 

NaS Capital Cost of Power ($/kW) 350 

NaS Capital Cost of Energy ($/kWh) 300 
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Figure 15. Hourly Optimal Output Power of PV, WT, BSS, and 

Utility 

 

 
 

Figure 16. State of Charge of the Two-BSS Configuration Using the 

WO Algorithm 
 

The proposed WO-based approach provides significant 

scalability and generality, as the adopted power flow model, 

battery operating constraints, and optimization structure are 

adaptable to larger distribution networks through system-

specific adjustments. Furthermore, while the optimization 

method is constrained to BSS design variables, the 

corresponding computational demand remains acceptable, 

maintaining the framework’s relevance and efficiency for 

extensive power systems. 

 

░ 7. CONCLUSION 
This research proposes an effective allocation of BSSs within 

the MG by utilizing the WO optimizer. This optimal design 

improves the objective function in terms of power loss 

reduction. This, in turn, facilitates MG performance 

assessment, enhances voltage stability and profiles, aligns 

RERs with capacity ratings for optimal integration, and 

enables peak shifting to minimize operational expenses during 

power transfer. The six proposed methodologies—GA, PSO, 

SSLO, I-GWO, DBA, and WO—are employed to demonstrate 

that WO efficiently schedules double BSS power flow. MG 

power losses are reduced by 53.56%, resulting in a maximum 

operational cost saving of 10.74%. The improved voltage 

profile elevates the weakest voltage node to 0.9803 p.u. The 

minimum VSI is attained as 1.01821 p.u. The results indicate 

that WO-based double BSS planning enhances MG reliability 

by accelerating convergence, improving computational 

efficiency, ensuring balanced exploration and exploitation, and 

avoiding local optima due to its strong search capability and 

low objective variance. The consistency and suitability of WO 

in MG applications are confirmed. 
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